This article introduces a hypometabolic convergence index (HCI) for the assessment of Alzheimer's disease (AD), compares it to other biological, cognitive and clinical measures, and demonstrate its promise to predict clinical decline in mild cognitive impairment (MCI) patients using data from the AD Neuroimaging Initiative (ADNI). The HCI is intended to reflect in a single measurement the extent to which the pattern and magnitude of cerebral hypometabolism in an individual's fluorodeoxyglucose positron emission tomography (FDG PET) image corresponds to that in probable AD patients, and is generated using a fully automated voxel-based image analysis algorithm. HCIs, magnetic resonance imaging (MRI) hippocampal volume measurements, cerebrospinal fluid (CSF) assays, memory test scores, and clinical ratings were compared in 47 probable AD patients, 21 MCI patients who converted to probable AD within the next 18 months, 76 MCI patients who did not, and 47 normal controls (NCs) in terms of their ability to characterize clinical disease severity and predict conversion rates from MCI to probable AD. HCIs were significantly different in the probable AD, MCI converter, MCI stable and NC groups (p = 9e-17) and correlated with clinical disease severity. Using retrospectively characterized threshold criteria, MCI patients with either higher HCI's or smaller hippocampal volumes had the highest hazard ratios (HRs) for 18-month progression to probable AD (7.38 and 6.34, respectively), and those with both had an even higher HR (36.72). In conclusion, the HCI, alone or in combination with certain other biomarker measurements, have the potential to help characterize AD and predict subsequent rates of clinical decline. More generally, our conversion index strategy could be applied to a range of imaging modalities and voxel-based image-analysis algorithms.
Introduction
Alzheimer's disease (AD) is the most common form of dementia in older adults, affecting approximately 10% of adults over age 65 and almost 50% of adults over age 85 (Corrada et al., 2008; Evans et al., 1989) . Mild cognitive impairment (MCI) is associated with an increased rate of progression to AD dementia and affects about 15-20% of adults over age 65 (Lopez et al., 2003) . There is growing interest in using brain imaging and other biomarkers for differential diagnosis, detection, and tracking of AD, especially in its earliest non-symptomatic and symptomatic stages. Brain imaging may also help identify genetic and non-genetic risk factors, and evaluate putative AD-slowing treatments in a costeffective way (Reiman and Langbaum, 2009 ).
To date, the best established biomarkers of clinical AD progression are fluorodeoxyglucose positron emission tomography (FDG-PET) measurements of the regional cerebral metabolic rate for glucose (CMRgl) decline (Alexander et al., 2002; Reiman and Langbaum, 2009; Reiman et al., 2001 ) and volumetric magnetic resonance imaging (MRI) measurements of hippocampal or whole brain shrinkage, regional gray matter loss and cortical thinning (Fleisher et al., 2008; Fox et al., 2000; Huang et al., 2010; Jack, Jr. et al., 1999; Jack, Jr. et al., 2008b; Whitwell et al., 2007) . The best established biomarkers of AD pathology are fibrillar amyloid-β (Aβ) PET measurements using Pittsburgh Compound B (PiB) (Ikonomovic et al., 2008; Klunk et al., 2004) or other recently developed radioligand (Wong et al., 2010) and cerebrospinal fluid (CSF) amyloid-beta 1-42 (Aβ 1-42 ) levels alone or in combination with total tau (t-tau) or phosphorylated tau levels (p-tau 181 ) (Fagan et al., 2007; Hansson et al., 2006; Li et al., 2007; Shaw et al., 2009a) .
When analyzing FDG-PET or any other brain images, it may be helpful to capitalize on as much of the data in the image as possible (rather than one or more preselected regions-ofinterest [ROIs] ), while overcoming the problem of inflated Type I error due to multiple regional comparisons. We developed a voxel-based data analysis method that capitalizes on all data in person's image and captures the extent to which the pattern and magnitude of a person's brain alterations, relative to a normal control (NC) group, correspond to the pattern and magnitude of the brain alterations in AD patients.
Here we used FDG-PET data from the multi-center AD Neuroimaging Initiative (ADNI), and an automated brain-mapping algorithm (SPM) to compute an "AD-related hypometabolic convergence index (HCI)" for each person. As described below, the HCI provides a single measurement of the extent to which a person's pattern and magnitude of cerebral hypometabolism corresponds to that in a specific group -in this case clinically diagnosed AD patients. We compared the HCI to the more widely used measurements, namely, MRI measures of hippocampal volume, CSF assays, memory test scores and clinical ratings in their ability to distinguish probable AD patients, MCI patients who converted to probable AD in the next 18 months, MCI patients who remained stable during that time, and NCs. Finally, we examined biomarker, memory test score, and clinical rating thresholds that had optimal specificity and sensitivity to predict progression from MCI to probable AD within 18 months. We compared their ability to predict rates of progression from MCI to probable AD over the same time-period.
Material and Methods

Participants
To date, ADNI has enrolled 819 adults 55-90 years of age, including 192 patients with mild probable AD, 398 patients with amnestic MCI (Petersen et al., 2001) , and 229 NCs from 58 clinical sites in the United States and Canada. Mild AD patients had Mini-Mental State Examination (MMSE) (Folstein et al., 1975) scores of 20-26, a Clinical Dementia Rating (CDR) global scores (Morris, 1993) of 0.5 or 1.0, and met NINCDS/ADRDA criteria for probable AD (McKhann et al., 1984) . MCI patients had MMSE scores of at least 24, a subjective memory complaint, objective memory loss measured by education adjusted scores on the Wechsler Memory Scale Logical Memory II, a CDR global score of 0.5, absence of significant levels of impairment in other cognitive domains, preserved activities of daily living (ADLs), and an absence of dementia. NCs had MMSE scores of at least 24, a CDR global core of 0, and no diagnosis of depression, MCI, or dementia. Additional inclusion and exclusion criteria, including lists of approved medications, can be found on the ADNI website (www.loni.ucla.edu/ADNI).
At the time of this analysis, an ADNI database search identified 44 AD, 97 MCI (21 of whom converted to probable AD within 18 months after baseline) and 47 NC participants with both baseline FDG-PET scans and MRI hippocampal volume data available for downloading from the ADNI Laboratory on Neuroimaging (LONI) website (www.loni.ucla.edu/ADNI/). Note that four of the NCs had converted to MCI after the baseline scan, one at month 6 (who turned to AD at month 36) and three at month 24.
Cognitive and clinical evaluations
Clinical ratings acquired at the time of each scan were used to help track the progression of cognitive impairment in each subject. They included the AD Assessment Scale-Cognitive Subscale (ADAS-Cog) (Rosen et al., 1984) , Auditory Verbal Learning Test (AVLT) Total and Long-Term Memory (LTM) scores (Rey, 1941) 
FDG-PET brain imaging
Data Acquisition and Pre-processing-Each participating site acquired and reconstructed the FDG-PET data with the use of measured-attenuation correction and the specified reconstruction algorithm for each scanner type according to a standardized protocol (www.loni.ucla.edu/ADNI/Data/ADNI_Data.shtml). All images were preprocessed by ADNI PET Coordinating Center investigators at the University of Michigan and uploaded to the LONI ADNI website. These images were downloaded by investigators at Banner Alzheimer's Institute for additional pre-processing using SPM5 (http://www.fil.ion.ucl.ac.uk/spm). Briefly, FDG-PET images were deformed into a standard space of the Talairach atlas and spatially re-smoothed with a 3D Gaussian kernel with 12-mm FWHM.
Hippocampal Volume
1.5T structural MRI scans were acquired at multiple ADNI sites using a standardized protocol described elsewhere (Jack, Jr. et al., 2008a) , and corrected for image artifacts (image inhomogeneity, distortion correction, geometrical scaling) at the Mayo Clinic (Rochester, MN, USA). Bilateral hippocampal volumes were computed by ADNI investigators at University of California, San Francisco (UCSF) using Surgical Navigation Technologies (SNT, Medtronic, Louisville, CO). Anatomical boundaries were characterized using a semi-automated brain mapping method based on a high-dimensional fluid transformation algorithm (Christensen et al., 1997) . This algorithm uses initially coarse and subsequently fine transformations to deform a manually drawn hippocampal MRI template onto each person's MRI (Schuff et al., 2009a) .
CSF biomarkers
Baseline CSF samples were obtained for the analysis of Aβ 1-42 , total tau (t-tau), and phospho-tau 181 (p-tau 181 ) levels, as well as t-tau 181 / Aβ 1-42 and p-tau 181 / Aβ 1-42 ratios in a subset of these participants, including 26 probable AD, 12 converter MCI, 42 stable MCI, and 27 NC. CSF assays were conducted at the University of Pennsylvania AD Biomarker Fluid Bank Laboratory as previously described .
Hypometabolic Convergence Index (HCI)
Normal Control (NC) Database-FDG PET images from the NCs provided the normative database needed to characterize the extent of regional CMRgl reductions in each person and compare it to the extent of regional CMRgl reductions in the probable AD group.
Map of Cerebral Hypometabolism in the Probable AD Group-The t-score map of AD-related cerebral hypometabolism was generated by comparing the FDG PET scans in the probable AD patients with those of NCs using SPM5, normalizing each image for the individual variation in whole brain measurements using proportionate scaling, and using the voxel-wise general linear model. The t-score map was transformed to a z-score map referred to as the AD hypometabolic map.
Map of Cerebral Hypometabolism in each Subject-Similarly, the t-score map of cerebral hypometabolism in each subject was generated by comparing the person's FDG PET scan to the NCs' scans (excluding the subject of interest) using SPM5, normalizing each image for the individual variation in whole brain measurements using proportionate scaling, and using the general linear model. In this case, the t-statistic was the ratio of difference of the subject's CMRgl and the NC mean CMRgl over the pooled standard errors, containing only the NC group standard deviation and the available degree of freedom. Again, the resulting t-score map was transformed to a z-score map.
Computation of each Subject's HCI-To calculate the HCI summary statistic for each subject, a new map was formed which was the product of the subject's hypometabolic map and the AD hypometabolic map (voxel-by-voxel multiplication). The HCI was computed as the voxel-wise summation across all the voxels at which z-scores from both maps were negative, divided by 10,000 (to reduce the HCI to be in two-digit range). Thus, where Z Pi is the z-score at voxel i for person P, Z Ai is the z-score of at voxel i for AD group (A), and n is the total number of voxels associated with hypometabolism in both the person of interest and the probable AD group within the whole brain volume. The HCI thus reflects the proportion of brain voxels which are both: a) hypometabolic in the subject compared to the NC group and; b) whose locations overlap with that of voxels which are hypometabolic in pAD subjects compared to the NC group, both being weighted by the product of their degree of hypometabolism in comparison to the NC group. In other words, the HCI measures how strongly the pattern of cerebral hypometabolism in the individual of interest corresponds to that in the AD group. In this way, voxels with z-scores close zero have a minor influence on the HCI, but voxels with higher hypometabolic z-scores in both the person of interest and the AD group would make a larger contribution to the HCI. The construction of individual and AD group hypometabolic maps did not involve any statistical inferences and the subsequent statistical analyses for HCI, a single numeric summary for each person, are without the need to address multiple comparisons. Also note that dividing by a scalar value 10000 does not affect any subsequent analyses of HCI, since all subjects' HCI were scaled by the same constant value.
Statistical Analysis
Group Comparisons-We initially compared the probable AD, 18-month MCI converters, 18-month MCI stable, and NC groups in their demographic characteristics, proportion of apolipoprotein E (APOE) ε4 carriers, HCIs, other biomarker measurements, cognitive test scores and clinical ratings. We analyzed the relationship between the HCI and categorical measures of clinical AD severity (NC<MCI stable<MCI converter<probable AD) using Analysis of Variance (ANOVA) with linear trend. We also assessed HCI correlations with continuous measures of clinical AD severity (MMSE, ADAS-cog, AVLTTotal, AVLT-LTM, and CDR-SB, BNT, Animals, Vegetables, Clock, Digits-Forward, Digits-Backwards, Digits-Total, TMT-A, and TMT-B).
Predicting Rates of Progression from MCI to probable AD, Retrospective Analyses-We next compared HCIs, hippocampal volumes, CSF analytes, memory test scores and clinical ratings in their ability to predict rates of conversion from MCI to probable AD within 18 months after baseline. We initially used Receiver Operating Characteristic (ROC) analyses to determine the measurement cut-offs with maximal sensitivity and specificity in distinguishing between the MCI converters and those who were stable. We used the cut-off to compare the MCI patients with or without a positive test score (i.e., those with or without a higher HCI, smaller hippocampal volume, lower CSF Aβ 1-42 , a higher t-tau, p-tau 181 , t-tau 181 / Aβ 1-42 , p-tau 181 / Aβ 1-42 , a lower AVLT-Total, AVLT-LTM, or MMSE, or a higher ADAS-cog or CDR-SB, respectively) in the hazard ratio (HR) of converting from MCI to probable AD within 18 months after baseline. Thus, for each measure of interest, univariate and multivariate Cox proportional hazard models were constructed to determine the hazard ratio for progression to AD within 18 months in MCI patients who were classified into MCI patients with scores above the cut-off value in comparison with those with scores below. Since the CSF biomarkers were strongly correlated with each other, only p-tau 181 was incorporated into the multivariate proportional hazard model, as it had the highest predictive value in the univariate model. Kaplan-Meier plots were used to illustrate the ability of the most significant predictors to distinguish between those MCI patients with and without a positive test.
To clarify the consistency of our HR measurements and minimize their inflation due to the use of the same subjects in both the ROC and hazard model analyses, we repeated this approach after randomly assigning 60% of the MCI patients to a training data set to compute the optimal measurement cut-offs using ROC analyses. We then computed the HRs using the empirically derived thresholds in the remaining 40% of MCI patients. The partitioning process was repeated 10 times using a random sampling method. Statistical analyses were conducted using Stata 11.0 (College Station, TX, StataCorp LP) and Statistica (Tulsa, OK, StatSoft Inc).
Results
The probable AD, MCI converter, MCI stable, and NC groups' demographic characteristics, clinical ratings, and memory test scores, and their proportion of APOE ε4 homozygotes, heterozygotes and non-carriers are shown in Table 1 . The groups did not differ in their mean age, gender distribution or educational level. As expected, the groups differed in their clinical ratings, memory test scores, and proportion of number APOE ε4 alleles.
As shown in Table 1 and Figure 1 , HCIs were different in the four subject groups (p=8.6e-17) and were associated with categorical clinical disease severity (linear trend p=3.1e-18). In the post hoc pair-wise comparisons, the probable AD, MCI converter and MCI stable groups each had higher HCIs than the NC group (P=5e-13, 2e-8 and 0.01, respectively), the probable AD and MCI converter groups each had higher HCIs than the MCI non-converter group (P=8e-10 and 2e-4,), and HCIs in the probable AD and MCI converter groups were not different (P=0.74). As shown in Figure 2A , the locations of the voxels that contributed to a high HCI score for an AD patient (and therefore contributed to the between-group differences) are in temporal, occipital and parietal area which is consistent of the areas known to be affected by AD.
As shown in Table 2 , HCIs were correlated with ratings of clinical disease severity and cognitive test scores (even after Bonferroni correction), with the exception of Digit Span Forward and Backward. In addition, HCIs were correlated with smaller baseline hippocampal volumes and each CSF measurement of Aβ and/or tau pathology.
As shown in Table 3 , MCI patients who converted to probable AD within 18 months after baseline were distinguished from the stable MCI patients by significantly higher HCIs, smaller hippocampal volumes, higher ADAS-cog, CDR-SB ratings and lower AVLT-LTM scores. While there were fewer MCI patients with CSF assays, there were non-significant trends for lower Aβ 1-42 levels and higher p-tau 181 /Aβ 1-42 ratios in the MCI converters than in the MCI stable group. After controlling for higher ADAS-cog scores, the MCI converters continued to be distinguished from the stable MCI by higher HCIs (p=0.0001) and hippocampal volume (p=0.02), but not by any of the other measurements (p-value range 0.09 to 0.9).
The biomarker, clinical rating, and memory test cut-off values, area-under-curves (AUC) and their 95% confidence interval found using ROC analyses to distinguish with optimal sensitivity and specificity those MCI patients who did or did not convert to probable AD within 18 months after baseline are shown in Table 4 . For further performance comparison, ROCs of HCI and hippocampal volume are shown in Figure 3 . Using those cut-offs to subdivide the MCI patients into those with and without positive scores, Table 5 shows the estimated hazard risk of converting to probable AD in those MCI patients who were positive on each of the measurements. When each of the candidate predictors was analyzed independently, the MCI patients with a positive (i.e., higher) HCI or positive (i.e., smaller) hippocampal volume had the highest HRs of converting to probable AD within 18 months after baseline (7.38, 95% CI=2.48-21.98 and 6.34, 95% CI=2.32-17.36, respectively). When all of the candidate predictors were included in the same model, only the HCI and hippocampal volume remained significantly associated with a higher HR of conversion to probable AD.
After the non-significant predictors were removed and the multivariate model was refitted, 26 MCI patients with a higher HCI (27% of MCI patients) had an HR of 6.55 (95% CI=2.19-19.61) of conversion to probable AD within 18 months after baseline (Figure 4a ), 21 MCI patients with a smaller hippocampal volume (22%) had an HR of 5.60 (95% CI=2.04-15.41) (Figure 4b) , and 13 MCI patients with both a higher HCI and smaller hippocampal volume (13%) had an HR of 36.72 (95%CI=4.46-302.34) compared to those with both a lower HCI and larger hippocampal volume (20 and 38 MCI patients or 21% and 39% of the MCI patients) (Figure 4d ). In comparison with all of the MCI participants, those with both a higher HCI and hippocampal volume had an HR of 10.17 times (95% CI=4.17-24.86) (Figure 4c ).
When the analyses were performed iteratively using training set data to characterize the cutoff values and independent test set data to characterize HRs, the findings were generally consistent with our original analysis: the MCI patients with a higher HCI (average HR=5.32) or smaller hippocampal volume (average HR=4.77) had the highest average HRs of converting to probable AD within 18 months after baseline. Average HRs were 1.54 for those with lower Aβ 1-42 levels, 1.62 for t-tau levels, 3.11 for p-tau 181 levels, 1.29 for t-tau/ Aβ 1-42 ratios, 2.44 for p-tau 181 /Aβ 1-42 ratios, 3.58 for ADAS-cog scores, 2.40 for CDR-SB scores, 2.55 for AVLT-LTM scores, and 2.14 for APOE ε4 carriers.
Because there was concern of including subjects who subsequently converted to MCI in the normal database, we re-computed the HCIs without these 4 subjects in the normal database and compared the results to those with the 4 subjects included. The re-computed HCIs were highly correlated to the original HCI computed with the 4 subjects (Pearson correlation r>0.9999), suggesting that to some degree, the HCI is robust to changes in the normal database.
Discussion
This study introduces the concept and use of the AD-related HCI. Using data from ADNI, we showed it could distinguish between probable AD patients, MCI patients who did or did not convert within 18 months after baseline, and NCs. HCIs were closely associated with categorical measures of disease severity and significantly correlated with other AD biomarkers. Finally, we demonstrate possible advantages of using HCIs, alone or in combination with hippocampal volumes, over other promising biomarkers, to predict rates of clinical progression from MCI to probable AD.
The HCI provides a single measurement, free from multiple comparisons. It capitalizes on all of the cerebral data in the individual's FDG PET image (without having to specify a preselected region of interest), as well as that from normative and AD-related FDG PET databases. It is generated using a fully automated voxel-based image-analysis technique, and has been shown to work well using data acquired at different imaging centers and from different laboratories. This approach could be applied to a wide variety of imaging methods and voxel-based image-analysis techniques. It could not only be used to determine the extent to which the magnitude and pattern of brain differences in a person's image corresponds to that in AD, but the extent to which the magnitude and pattern corresponds to other pathological conditions (e.g,, that associated with frontotemporal dementia or neurological or psychiatric disorders) and other normal conditions (e.g., that associated with normal aging).
Additional studies are needed to determine the extent to which the HCI could be used, alone or in combination with other information, in the differential diagnosis, early detection and tracking of AD. The HCI may also assist with enrichment or stratification of subjects in clinical trials or as an endpoint in clinical trials. Preliminary data from our laboratory suggests it can distinguish cognitively normal late-middle-aged APOE ε4 homozygote, heterozygote, and non-carrier groups, and that it has the potential to track AD progression and evaluate AD-modifying treatments in clinical trials (unpublished data)-all free from multiple comparisons.
Limitations of this study include the relatively small number of subjects for whom both FDG PET and MRI hippocampal volume were available, the even smaller sample with CSF measures, the absence of PET measures of Aβ burden, and the retrospective HR analysis. As we used the same MCI patients to characterize the thresholds used to subdivide the MCI patients based on "positive" or "negative" biomarker, clinical rating and memory test values and then used these values to compute HRs. On the other hand, the study capitalized on the same strategy to compare HRs using these different candidate predictors of clinical progression. We confirmed this when the threshold values and HRs were computed in independent training and test data sets. Still, additional studies are needed to clarify the extent to which the HCI predicts rates of conversion, not only within the 18-month but over an extended period of time, and how it compares to other biomarker and psychometric predictors. Moreover, additional studies in longitudinally assessed and neuropthologically verified subjects are needed to clarify further the extent to which the HCI, alone or in combination with clinical, cognitive, or other image-based biomarker endpoints, predicts subsequent cognitive decline and distinguishes AD from other neuropathologically verified causes of cognitive impairment.
As we have previously noted, FDG PET changes in AD could be related to a reduction in the density or activity of terminal neuronal fields, peri-synaptic astroglial cells, metabolic dysfunction, the combined effects of brain atrophy and partial-volume averaging, or a combination of these factors. Based on findings from previous studies, these changes do not appear to be solely attributable to the combined effects of atrophy and partial volume averaging (Bokde et al., 2001; Ibanez et al., 1998; Reiman et al., 2004; Reiman et al., 2005; Sakamoto et al., 2003) . No attempt was made to further address the contribution of brain atrophy to the HCI in this study, as our primary aim was to provide a single measurement for the detection and future tracking of AD rather than to clarify the biological contributions to this measurement.
Please note our ability to find such a strong association between the HCI, based in regionalto-whole brain FDG count ratios in each cerebral voxel, and AD. While the well established association between whole brain CMRgl reductions and clinical severity would cause us to underestimate reductions in regional-to-whole brain FDG count ratios (Borghammer et al., 2008; Borghammer et al., 2009a; Borghammer et al., 2009b; Yakushev et al., 2008) , the HCI was still able to characterize the preferential pattern of CMRgl reductions in AD-affected brain regions.
This study supports the complementary value of hippocampal volumes in the detection of AD and the prediction of subsequent clinical decline in MCI patients (Beckett et al., 2010; Chupin et al., 2009; Hua et al., 2008; Kohannim et al., 2010; Landau et al., 2010; Lorenzi et al., 2010; Morra et al., 2008; Risacher et al., 2009; Schott et al., 2010; Schuff et al., 2009b) , even though smaller hippocampal volumes may also be found in patients with other neurodegenerative disorders (e.g., van de Pol et al., 2006) . Please note, however, that all hippocampal measurements are not alike. It has previously been shown that Freesurfer measurements of cortical thinning in the hippocampus are superior to SNT measurements of hippocampal volume in the longitudinal tracking of AD and, thus, may be more suitable as an endpoint in clinical trials of AD-modifying treatments. In contrast, a post hoc analysis of more recently uploaded data suggests that freesurfer-based hippocampal measurements are associated with a lower HR for 18-month progression to probable AD than the SNT hippocampal volumes used here (HR=4.12 versus 6.34).
In addition to relating and comparing FDG-PET-based HCI with MRI-based volume measurements of hippocampus and others investigated in this study, it will also be informative to examine the relationship between amyloid PET(such as PIB-PET) and FDG-PET. However, given that only 2 of the subjects (1 AD and 1 MCI patient) in our study had PIB-PET data, we must await the acquisition from ongoing ADNI Grand Opportunity and ADNI2 studies, which will provide florbetapir F18 PET measurements of fibrillar amyloid in every subject.
The proposed HCI is similar with the FDG PET indicator of AD described by Herholz et al (Herholz et al., 2002) . They computed the sum of hypometabolic T-scores exceeding 95% of an age-adjusted normal distribution in those voxels shown to be hypometabolic in AD using the same threshold and was shown to distinguish between AD patients and NCs with high sensitivity and specificity. Unlike the HCI, it does not include information on the CMRgl reduction in voxels outside of this threshold. Direct comparison between these two approaches requires separate studies.
In conclusion, the automatically generated HCI characterizes the extent to which the pattern and magnitude of cerebral hypometabolism in a person's FDG PET image corresponds to that in AD patients. It offers promise for the differential diagnosis, early detection and tracking, the prediction of clinical decline in MCI patients, and in the cost-effective evaluation of AD-modifying treatments. Hypometabolic Convergence Index (Mean±SD) in normal controls, MCI stable subjects, MCI converters, and probable AD patients An example of the brain regions where A) an individual AD patient and B) a normal control subject shows the presence/absence of consistent hypometabolic pattern with AD. For illustration purposes, the overlap display was created with a cut-off of the Z Pi • Z Ai ≥ 8.37. Note that this method uses all cerebral voxels without having to specify a preselected region of interest, so the search area is over the whole brain. Kaplan-Meier curves showing the probability of an MCI patient not converting to probable AD within 18 months from baseline in a) the 26 MCI patients with a higher HCI versus the 71 MCI patients with a lower HCI, b) the 21 MCI patients with a smaller hippocampal volume versus 76 MCI patients with a larger hippocampal volume, and c) the 20 MCI patients with both a higher HCI and smaller hippocampal volume versus the 77 other MCI patients, d) the 20 MCI patients with both a higher HCI and smaller hippocampal volume versus the 38 MCI patients with both a lower HCI and larger hippocampal volume. a all pairwise differences are significant except that of MCI converter and MCI stable subjects. Table 2 Biomarker correlations with HCIs, clinical ratings, and memory test scores 
